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Abstract: The control of spoilage yeasts in wines is crucial to avoid organoleptic deviations in wine
production. Traditionally, sulfur dioxide (SO2) was used to control them; nevertheless, SO2 influ-
ence on human health and its use is criticized. Biocontrol emerges as an alternative in wine
pre-fermentation, but there is limited development in its applicability. Managing kinetics is rele-
vant in the microbial interaction process. pH was identified as a factor affecting the interaction ki-
netics of Wickerhamomyces anomalus killer biocontrol on Zygosaccharomyces rouxii. Mathematical
modeling allows insight into offline parameters and the influence of physicochemical factors in the
environment. Incorporating submodels that explain manipulable factors (pH), the process can be
optimized to achieve the best-desired outcomes. The aim of this study was to model and optimize,
using a constant and a variable pH profile, the interaction of killer biocontrol W. anomalus vs. Z.
rouxii to reduce the spoilage population in pre-fermentation. The evaluated biocontrol was W.
anomalus against the spoilage yeast Z. rouxii in wines. The kinetic interactions of yeasts were stud-
ied at different pH levels maintained constant over time. The improved Ramoén-Portugal model
was adopted using the AMIGO2 toolbox for Matlab. A static optimization of a constant pH profile
was performed using the Monte Carlo method, and a dynamic optimization was carried out using
a method based on Fourier series and orthogonal polynomials. The model fit with an adjusted R? of
0.76. Parametric analyses were consistent with the model behavior. Variable vs. constant optimiza-
tion achieved a lower initial spoilage population peak (99% less) and reached a lower final popu-
lation (99% less) in a reduced time (100 vs. 140 h). These findings reveal that control with a variable
profile would allow an early sequential inoculation of S. cerevisize. The models explained parame-
ters that are difficult to quantify, such as general inhibitor concentration and toxin concentration.
Also, the models indicate higher biocontrol efficiency parameters, such as toxin emission or sensi-
tivity to it, and lower fitness of the contaminant, at pH levels above 3.7 during biocontrol. From a
technological standpoint, the study highlights the importance of handling variable profiles in the
controller associated with the pH management actuators in the process without incurring addi-
tional costs.

Keywords: wine’s biocontrol; mathematical modeling; process optimization; Wickerhamomyces
anomalus; Zygosaccharomyces rouxii
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1. Introduction

Wine is the result of grape must fermentation, mainly carried out by S. cerevisiae [1].
However, at the beginning (pre-fermentative stage), various yeast species coexist, origi-
nating from the grape surface and winery elements, among others [2]. Among them,
spoilage yeast strains develop, affecting the organoleptic characteristics of the wine; one
of them is Zygosaccharomyces rouxii [3]. Due to the economic significance of this industry
in the region and several economies worldwide, these microbiological contaminations
cause substantial economic losses and must be addressed [1-3]. For its control, tradi-
tionally, SO2 has been used. However, its use is not desired by consumers who prefer more
natural products [4], nor by international organizations such as the International Organiza-
tion of Vine and Wine “OIV” or the World Health Organization “WHO”, which seek to re-
duce it due to its toxicity to human health [5-7]. Moreover, regional wines (warm climate
areas) often have a high pH [8] and this fact causes the total SO to lose its molecular SO
(microbial inhibitor) condition from 6% at pH 3 to 0.6% at pH 4 [9]. Ultimately, this com-
pound is inefficient in controlling Z. rouxii [4] and its use must be reconsidered.

Biocontrol has been cited as an alternative for a long time in different areas [10] and
continues to be relevant today [11], with the aim of reducing the use of SOz in wines [12-
14]. However, most studies focus on yeast selection and/or biocontrol mechanisms, and
there is limited information on their application, especially in more real environments
[15]. Biocontrol occurs due to the interaction of microorganisms; in this case, it is desired
to take place in a pre-fermentation stage, as it is expected that Saccharomyces cerevisiae
(through sequential inoculation), with its ethanol production, will conclude the biocon-
trol process against weakened spoilage yeasts [16]. A problem related to the applicability
and realism of the must wine, as initially named, is the complexity of the involved yeast
populations and their interactions. However, in order to advance the study of the inter-
actions in the pre-fermentation must, it is relevant to abstract this to an individual inter-
action kinetic behavior (two populations). Specifically, an interaction previously studied
by us involves Wickerhamomyces anomalus and Z. rouxii. The former was selected for its
positive oenological attributes but primarily for its wide spectrum of action against the
strains of Z. rouxii and Brettanomyces bruxellensis (two of the major contaminants of musts
and wines). This interaction, based on our investigations, is a case of amensalism (killer)
[17]. This type of interaction involves two simultaneous characteristics, competition for
the medium and the emission of the toxin (amensalism) [15]. Therefore, unlike adding
SO, the kinetics of the interaction is highly relevant, as the inhibitory molecule must be
produced in the medium during the development of both populations [16].

In order to analyze the relative importance of competition and amensalism, and due
to the complexity of quantifying certain metabolites, a model-based approach is a rele-
vant alternative to elucidate these underlying mechanisms of interaction [17]. Mathe-
matical models can describe the most relevant mechanisms of a biological system, i.e., the
growth kinetics and the formation of products such as the toxin itself [16]. Additionally,
based on our background in fixed-time (static) statistical screenings and the optimiza-
tions of the interaction in a liquid medium, it was determined that pH was a significant
factor and some optimal working conditions were obtained [18]. pH affects fitness and
individual population kinetics [2,19] and interaction kinetics (competence) through toxin
emission (amensalism) [18,20]. As mentioned, pH in winemaking initially differs in grape
musts from warm regions, where it tends to be high (average pH: 3.8, reaching 4.4) [8,21].
On the other hand, pH can be manipulated, and is a common practice, through acidifica-
tion by adding organic acids [9] or deacidification by adding salts or electro-dialysis with ion
exchange resins [22]. Evaluating models under different physicochemical conditions (e.g.,
pH) highlights parametric changes. This allows for the creation of secondary models and the
possibility of generating predictions under unexplored conditions [23,24]. These unexplored
conditions may predict better biocontrol interaction performance through the optimization of
different desirability functions (maximizing biocontrol population, minimizing spoilage
yeast population, maximizing amensalism, and maximizing competition) [25].
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Traditional process optimization involves generating a response surface from a set
of experiments maintaining constant operating conditions to find the optimal condition
that meets a specific objective function [25]. However, in many systems, the optimal
conditions change over time, and biological systems are no exception to this reality. In the
case of the killer toxin, it is estimated to be produced mainly during the exponential
phase [20]. On the other hand, certain conditions and manipulable variables such as pH,
in processes like pre-fermentation or fermentation, can be modified over time [26]. Nev-
ertheless, there is little exploration in biotechnology regarding the use of variable profiles
to improve the objective function [26]. Our research group developed a dynamic opti-
mization technique based on orthogonal polynomials and Fourier series useful in bio-
processes to produce mathematically continuous and differentiable functions and de-
velop smooth profiles for manipulable physicochemical variables, avoiding abrupt
changes that negatively affect microorganisms [27,28]. These techniques have been uti-
lized by our research group in metabolite production biotechnology related to simple
microbial populations [29]. However, dynamic optimizations using a variable profile
(e.g., pH) for interactions in mixed populations and particularly for enological processes
and their yeast populations have not been found. This goal necessarily requires the de-
velopment of robust mathematical models with submodels that accurately explain
physicochemical changes. Therefore, the objective of this study is to model mathemati-
cally and optimize, using a constant and a variable pH profile, the biocontrol process of
the biocontrol yeast W. anomalus against the wine spoilage yeast Z. rouxii, aiming to re-
duce it in the pre-fermentation stages of wine and thus, in the future, by making micro-
bial interactions more complex and understanding them, we can reduce the use of total
SOz in musts and wines.

2. Materials and Methods
2.1. Microorganisms and Pre-Fermentations

Two non-Saccharomyces strains from the culture collection of the Institute of Bio-
technology at the Faculty of Engineering of the National University of San Juan were
used. The strain Wickerhamomyces anomalus “BWal56” was determined as a killer bio-
controller of Zygosaccharomyces rouxii and Brettanomyces bruxellensis in previous assays
[16]. Moreover, BWal56 was selected due to contributing positive traits to wine and the
absence of influence on human health in the experiments realized [16]. The strain Z. rouxii
“BZr6” is a wine’s spoilage yeast [4]. Both strains were molecularly identified by our re-
search group [30].

Erlenmeyer flasks of 250 mL were filled with 200 mL of grape must. The sterile grape
must had a sugar content of 23 °Brix with a 0.1% yeast extract. The pre-inoculum of each
isolate was made under the same initial conditions but with pH: 3.7, 1% yeast extract, and
110 rpm overnight. The pre-fermentation biocontroller/spoilage population inoculation
ratio was 20%:80% (total inoculum 2 x 106 cells/mL) [16]. Three different pH levels were
tested: 3.2, 3.7, and 4.2 (n = 3), which were maintained constant by adding HCL or NaOH
1N daily for 225 h at 25 °C. Pre-fermentation samples were plated on Wallerstein Labor-
atory Nutrient (WLN agar), a selective medium (Figure 1), for cell counts at a dilution
allowing the observation of 50 to 250 colonies for both the strains. In Figure 1, the colony
differences between both the yeast strains can be observed. At the time of counting, both
the yeasts were found together on the plates due to having originated from a mixed cul-
ture. In the cases where population differences did not permit simultaneous counting,
populations were counted from different dilutions of the same sample with the same
colony expression objective.
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(@) (b)
Figure 1. (a) Wickerhamomyce anomalus “BWal56”; (b) Zygosaccharomyces rouxii “BZr6” in WLN.

2.2. Model for Amensalism

As it involves a killer amensalism, the model that best explains the biological be-
havior is the one proposed by Ramoén-Portugal et al. [31], later modified in its adaptation
phase by Pommier et al. [32], and further modified in its stationary phase by our research
group [16].

In this primary model [16], biomass (cells/mL) is segregated into 2 variables: the vi-
able controller yeasts (killer) “X,,;,” and the viable spoilage yeasts (sensitive) “X,s”. “T” is
the killer toxin concentration and “I” is a generic inhibitor undefined for both the yeasts
(ethanol, oxygen, and limiting substrate, among others). The dynamic evolution of each
of the 6 variables in the model is given by the system.

axXy,
ztk = Tyk — Tak 1)
aX
d:S =Tys — Tas 2)
ax
dt
dX
—& =1y 4)
dt
daT
E =Tpr —Tar (5)
dl
= ©

The growth rates “r,,” and “r,s” (cells/h x mL) are related to specific growth rates
“Umaxre” and “fmaxi” (B71) and are limited by a general inhibition of both yeasts, and they
can be logistically expressed through deceleration parameters “A;” and “A;” (L/g) (killer
and sensitive strain, respectively).

Tk = /'lmakavk(l - Akl) ()

Tvs = ﬂmaxsXvs(]- - Asl) (8)

The production rate of the general inhibitor “I” (g/L) is proportional “a” to the sum
of the growth rates from both populations.

11 = a(rpk + 1) )

The death rates “r4,” and “ry,” are driven by different forces where the parameters
“Uar” Y “Has” (W) describes the natural death. While the killer population only dies
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naturally, the sensitive population involves another term including the concentration of
the toxin “T” (g/L). The toxicity of the toxin or the sensitivity of the spoilage yeasts is
defined by the parameter “K” (L/g x h) describing the influence of the toxin concentration
over the sensitive population concentration.

Tak = HaxXvk (10)

Tas = UasXps + KXy (11)

”

The toxin production “r,;” is proportional to the killer yeast growth rate “a” (g x
mL/L x cells), and the adhesion rate of the toxin to the sensitive population “r,;”, or
consume, is defined by the parameter “W” (mL/cells x h), the sensitive population, and
the toxin concentration. This process is assumed to be instantaneous.

Tpr =X Tok (12)

Tar = WX,sT (13)

Equation (2) belonging to Pommier et al.’s [32] model was modified by Equation (14)
proposed by our group [16]. This update takes into account the multiplication rates of
both the populations and the influence on the behavior due to wine static conditions “”,
through an activation function “Heaviside”, where patches of the population with certain
physicochemical continuity occur [33].

dXye
dt

=Ty — Tqc + Heaviside (p) X 8 (14)

p= (Tvk - rvc) (15)

[ = stability proportional value

2.3. Theoretical Methods: The Modeling Pipeline

Modeling was approached from a system identification perspective, which included the
following steps: the formulation of candidate models, parameter estimation from multiple
experiments with the same initial conditions (Table 1), and model reduction and selection.

Table 1. Experiment initial conditions.

Description Variable Value Unit
Killer population Xvk 400,000 cells/mL
Spoilage population Xus 1,600,000 cells/mL
Toxin concentration T 0 g/L
Inhibitor concentration I 0 g/L
The final time of reaction tf 225 hours

2.4. Candidate Models Formulation

Several candidate models were formulated, taking into account the biology of the
amensalism system (primary model) and different polynomial submodels based on pH.
The solution of the model depends on the given initial conditions, the process pH, and
the values of a series of unknown parameters.

2.5. Parameter Estimation

The aim is to calculate the unknown parameters, constants related to growth, and
kinetic parameters that minimize the distance between the data and the model predic-
tions, in other words, the error. One way to minimize it is through an objective function
that includes the measure of distance using least squares:
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~ \T ~
J(6) = Z Z (yil01 = 35;) Qi;(vi;[0]1 — 945) (16)
i=1 j=1

where “ng,,” is the number of experiments and “n,,," is the number of observables for
each experiment. The vectors 7;; € ¥ © R" represent the data samples for each ob-
servable in each experiment, y;; € Y c R"U represent the corresponding model pre-
dictions, & € & c R™ is a vector of unknown parameters, and Q;; € 2 < R"J°" is
a symmetric matrix of weights.

2.6. Model Selection and Reduction

The models were iteratively compared based on their ability to fit the experimental
data. Since the models with more parameters often have better fits but tend to overfit,
the number of parameters was also considered. The Akaike Information Criterion (AIC)
was used for this purpose, aiming to balance parsimony and the relative loss of infor-
mation among the candidate models by penalizing the number of parameters [34]. It is
defined as follows:

AICy = nd xlog(%)+2np+ 1 (17)
where “np” is the number of parameters, “nd” is the number of data points, and “RSS” is
the sum of squared residuals. The process started with the most complex candidate
models, and after fitting the data, the less influential parameters were iteratively elimi-
nated following the AIC strategy.

The minimum AICwm value “AICuin” was used to rescale AIC. The rescaled value AM =
AICMm — AICwmin was used to measure the models” merit: the models with AM < 2 provide
substantial support, models with 4 < AM < 7 provide considerably less support, and
models with AM > 10 have no support [34].

2.7. Numeric Tools

To automate the modeling process, we used the AMIGO?2 toolbox (IIM-CSIC, Vigo,
Spain) [24]. AMIGO2 is a MATLAB-based tool focused on the identification and optimization
of parametric models, including sensitivity and identifiability analysis. Software: The
MathWorks Inc. (Natick, MA, USA) MATLAB version 9.3.0.713579 (R2017b). It provides a
set of numerical methods for both simulation and optimization. From the available op-
tions, we selected CVODES [35] to solve the model equations and Enhanced Scatter
Search (eSS) [36] to find the optimal parameter values within a reasonable time frame.

2.8. Optimization
2.8.1. Constant pH

To achieve static optimization, a Monte Carlo algorithm was developed, which is
widely used in the parametric estimation of nonlinear systems [37,38]. This is a method
that makes random choices to generate an outcome. This implies that it can provide a
higher or lower index, subject to probability [39]. Although this random algorithm may
not find the minimum value, the probability of obtaining such a result is limited. One
way to reduce this probability is to simply run the algorithm repeatedly (N times), with
independent random parameter choices in each iteration, theorem 1 [40]. The number of
simulations (N) is determined by choosing appropriate accuracy ¢ and confidence d to
limit the possibility of getting an undesired answer. Then, Equation (16) is used to cal-
culate the number of iterations.
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o2 ()
log (1 i s)

The values of § and & were chosen for the desired accuracy: § = 0.01 and ¢ =
0.005, resulting in N = 1000.

N >

(18)

2.8.2. Variable pH

To find the optimal pH variable profile, a novel strategy, originally developed by, is
proposed [27]. This strategy assumes that the optimal control action is a continuous or
piecewise continuous function and can be approximated by a function belonging to the
Hilbert space L: [0, tf], where tf is the final reaction time. Therefore, it can be constructed
through a linear combination of bases belonging to this space. One of the bases that be-
longs is obtained through the orthogonalization and subsequent normalization of the
base B=1{1, t, 2, #3,...}. Considering this hypothesis, the optimal control action (1) can be
approximated with an orthonormal basis polynomial:

Uppe () = cOp0 + c1pl + c2p2 + -+ + clpl (19)

where ci are the coefficients of the polynomial, pi are the orthonormal polynomials ob-
tained by applying Grand-Schmidt to the base B = {1, t, 2, t3,...} between 0 and #f, and [ is
the order of the polynomial.

On the other hand, another basis belonging to L2 [0, ] is the orthogonal trigono-
metric Fourier basis, which states that any function in this space can be expressed as a
sum of an infinite series of sine and cosine terms [41]. When the signal is smooth, suc-
cessive harmonics have decreasing amplitudes (Bessel’s inequality and Parseval’s iden-
tity [42]) and the majority of the signal’s energy lies in a few terms using a minimal
number of parameters. Therefore, the orthonormal basis polynomial is approximated
with the initial terms of the Fourier series. Then, the polynomial coefficients are com-
puted through the Fourier coefficients. However, when attempting to approximate the
function with a polynomial, too many parameters can be needed for the approximation,
and it can be challenging to manage control action constraints. Therefore, the key to the
proposed methodology is to perform a Fourier series expansion for Equation (19), that is,
a linear combination of the Fourier basis approximating uopt(t). This approach leverages
the specific characteristics of the Fourier series:

- Any piecewise continuous function can be approximated by a linear combination of
the Fourier basis.

- When the function to be approximated is smooth, only a few parameters are needed.
Then, the first few terms of the series capture over 85% of the signal’s energy.

- By adjusting the parameters, the signal can be bounded to handle constraints.

Thus, employing the Fourier series requires a minimal number of parameters, and it
allows for signal bounding as well. In this way, if it is possible to obtain the optimal
Fourier parameters such that the best control vector is found, then the Optimal Control
Problem (OCP) is resolved. For more details, see Pantano et al. [27]. The Fourier param-
eters are optimized through a hybrid methodology which combines Monte Carlo with
genetic algorithms (eSS) for parameter optimization.

The proposed methodology has the advantage of using fewer parameters than tra-
ditional Control Vector Parameterization “CVP” techniques, simplifying the optimization
problem, and making it computationally more efficient. Moreover, the optimal operation
profiles are smooth, continuous, and differentiable. Smooth changes in operational con-
ditions help maintain cell viability and health. Abrupt changes in parameters such as
temperature, pH, nutrient concentration, or agitation speed can stress or shock the cells,
leading to reduced productivity or even cell death.
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3. Results and Discussion
3.1. Data Obtained: Kinetic Behaviors Depend on pH

The killer biocontrol of Wickerhmaomyces anomalus over Zygosaccheromyces rouxii is an
amensalism interaction [18]. Biocontrol success certainly could reduce the spoilage pop-
ulation and diminish the use of SOz. In relation to this, previous works cite that preva-
lence in the media of one yeast population implies spoilage control [31,32]. Kinetics re-
vealed different behaviors in the function of the pH evaluated (Figure 2) and it can be
observed that W. anomalus prevails in all the pre-fermentations; nevertheless, Z. rouxii
decay was observed in pHs 3.7 and 4.2. The results are in agreement with our previous
works [16,18]. The pH is a significant variable for individual or axenic dynamics of yeast
cultures [19,43] as mixed cultures [16,18].

1x 108
g i -
L
75.'1x1o7—
K]
® Q
(3}
= g=§ §\j $ ¢
g . T\\ ~ <
6 | ~ -~
S 1x10 ~ \%
~
~
1x10° T T T T T
0 50 100 150 200 250

Time (h)

Figure 2. Data for both yeast populations W. anomalus (empty markers, solid lines) and Z. rouxii
(filled markers, dashed lines) obtained for 3 different pH values. Circles, light gray lines, pH: 3.2;
triangles, dark gray lines, pH: 3.7; squares, black lines, pH: 4.2. Lines were developed with sig-
moidal and peak models.

In ecology, coexistence and exclusion are related to the ecological niche concept.
This can be summarized as the environmental conditions that allow a species to satisfy
survival requirements and the effect of the species on the environment or medium [44]. In
our case, pH seems to define the niche dynamics, where in pH 3.2 we have a dynamic of
coexistence, and in pH 3.7 and 4.2, a dynamic of exclusion.

3.2. Model of Amensalism Improved, Best Fit: 0.68

The study was designed to dive into the ecology of the interaction in the function of
the pH with a model approach. The amensalism model was developed initially by Ra-
mon-Portugal et al. [31], improved in the lag phase by Pommier et al. [32]), and lately
improved in the spoilage population decay reaching a stability phase in Kuchen et al.
[16]. The model by Kuchen et al. [16] was simultaneously fitted to the three kinetics at
three constant pH values (3.2, 3.7, and 4.2) using AMIGO2. The best fit was 0.681, the er-
rors were normally distributed, and the adjusted R? was 0.76. Nonlinear function simu-
lation was performed using the CVODES method [35], parameter estimation was opti-
mized with the nonlinear problem solver “eSS”, and the error calculation was based on
least squares.

Each yeast has its specific growth rates in the function of the medium physico-
chemical conditions. On the other hand, every interaction which occurs in a medium with
a limiting substrate (sugar and oxygen among others) develops a competition for these
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resources [45]. Usually, competitions in models are segregated into intraspecific compe-
tition and interspecific competition plus individual fitness [16,24].

This model has growth equations (Equations (7) and (8)) with parameters as “ a1
and “Uyays” and a variable “X” related to the individual fitness of each yeast. Also, these
have parameters like "A4,”, “A;”, and the variable “I”. Nevertheless, “I” (Equation (9)) is a
general inhibitor produced by both the yeasts, with a parameter “a” and the variables
“Xupi” and “X,s”. “I” works as both intra- and interspecific inhibitor variables. This in-
terspecific inhibition could be related to competence by limiting substrate or space [46].
Also, the model has death equations (Equations (10) and (11)), different between them, to
explain interspecific inhibition by amensalism. The killer population death equation in-
volves only natural death, with a parameter “uy,” and a variable “X,;”, while the sensi-
tive population, instead, links natural death “ug4;,” and “X,;” with the amensalism influ-
ence through a pure interspecific part, with a parameter “W” and the variables “X,,;” and
“T”. The variable “T” explain the toxin concentration (Equations (5), (12), and (13)) with
the parameters “a” and “K” and the variables “X,,” and “T”. Summarizing the interspe-
cific inhibition could be segregated into two parts, competence explained by the variable
“I” and amensalism by the variable “T”. Taking into account the biological aspects of the
killer system, we must highlight that the model has parameters for toxin production,
toxin adherence or consumption, and toxicity or spoilage sensitivity to toxin; neverthe-
less, there is no parameter for toxin stability. The model assumes the toxin is emitted and
adhered to sensitive cell wall instantaneously [31,32].

3.3. Akaike Criterion: The Model with Five Quadratic Submodel Equations and One Linear Is the
Reduced Model with Substantial Contribution

Through an iterative procedure of model construction and selection and using the
Akaike criterion, which weighs models based on their fitting ability and penalizes over-
parameterization, a reduced model was selected.

The minimum value of AIC (AICwin) was used to rescale the Akaike Information
Criterion (Table 2). The rescaled value AM = AICm — AICwi» was used to assess the relative
merit of the models: the models with AM < 2 have substantial support, the models for
which 4 < AM <7 have considerably less support, and the models with AM > 10 have no
support [34]. The chosen model is the one by Kuchen et al. [16] plus five parameters with
quadratic submodels related to the maximum specific growth rate of the killer popula-
tion “fmaxk”, proportional to the growth decrease by the common killer inhibitor “4,”,
proportional to the growth decrease by the common sensitive inhibitor “A,”, propor-
tional to the production of the common inhibitor “a”, and the toxicity of the toxin or
sensitivity to it by the sensitive “ K”, while the maximum specific growth rate of the
spoilage population “p,4.s” is lineal with minimal variation during pH change. This
behavior could explain higher stability in Z. rouxii fitness through pH change. Even if this
species has been cited with acidophilic character, growing below pH 2.3 [47], sharing a
pH range with extreme acidophile organisms [48] also is cited with optimal growth rates
in pHs near 3.5 [49].

Table 2. Akaike criterion for the selection of the reduced model.

Primary Model Secondary Model N° Parameter AICm AM Merit
Kuchen 10Q 30 132.843 67.371 No support
Kuchen 9Q 27 103.146 37.674 No support
Kuchen 8Q 24 90.474 25.002 No support
Kuchen 7Q 21 74.439 8.967 No support
Kuchen 6Q 18 68.105 2.633 Considerably less support
Kuchen 5Q+1L 17 65.471 0 Reduced model

Q: quadratic submodel; L: linear submodel.
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3.4. Kinetics and Parameters: The Growth Rates, Intraspecific Saturations, Toxin Production, and
Toxin Toxicity Were Influenced by the pH

Kinetics for different pH values: 3.2, 3.7, and 4.2 from the reduced model (fit: 0.681)
(Figure 3).

0 50 100 150 200 250 0 50
Time (h) (h)
210 108 «108 %107

3
3

150 200 250

El
3
@

IS
o

w
o
W. anomalus {cells/mL)
B ow Bow B

2Z. rouxii (cells/mL)
~
iy

Z. rouxii (cells/mL)

™~
e

o

‘W. anomalus (cells/mL)

0 50 100 150 200 0 50 100 150 200 ] 50 100 150 200 0 50 100 150 200
Time (h) Time (h) Time (h) Time (h)

(a)

G

0 50

2
=}
@
=

200 250

El
Fl
@

(h)

2

z ¢ w28 P S
B hg 82 /
8 @ f
= 15 /
5 2 s /
5 E 1 /
215 2
N W.0.6 /

g B

0 50 100 150 200 o 50 100 150 200

Time (h) Time (h)

()
Figure 3. Constant pH and population levels over time. (a) pH: 3.2, (b) 3.7, and (c) 4.2.

At pH 3.2, a low total population of killer yeast and a high population of spoilage
yeast were observed, with the spoilage population remaining consistently high
throughout the time without any decline (Figure 3). At pH 4.2, there is a higher cellular fit-
ness of the killer yeast, with a higher total population “X,;”, and is an intermediate decline in
the spoilage yeast. pH 3.7 exhibits a high total population of “X,,;,” similar to the condition at
pH 4.2. Moreover, the greatest decrease in spoilage population was obtained.

To assess the influence of the interaction, some parameters were normalized to
different pH levels, with the value obtained at pH 3.2 (Table 3). These parameters were
determined based on the kinetics observed in Figure 3, where the amensalism interaction
would be lower (pH 3.2). Normalized parameters: natural death “ug,” and “ugs”, the
production of the common inhibitor “a”, and toxin adhesion or consumption “W” (3 x
102 mL/cell x h). Evaluating the results obtained in the parametric variation (submodels),
we found the pH affected; fitness parameters, like “pyaxi” and “pimays”; intraespecific
parameters “A,” and “Ay”; and interspecific parameters “x” and “K” (amensalism).

Table 3. Parameters and submodels adjusted.

pH
3.2 3.7 4.2

Parameter Sub  Value Submodel

mvkl 1.01 x 101

Umaxk mvk2 7.49 x 107" mvkl x pH?2 - mvk2 x pH + mvk3  0.0897 0.0635 0.0878
mvk3 1.45
mvsl 1.6x1073

Mmaxs mvs2 1.9 x 102 -mvsl x pH + mvs2 0.0139 0.0131 0.0123
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Akl 3.59 x 10?2

Ay Ak2 2.87x10° Akl xpH?- Ak2 x pH + Ak3 257.49 58.30 38.39
Ak3 5.78 x 103
Asl 3.53 x 10?2

Ag As2 287x10°  Asl xpH?-As2 xpH + As3 285.25 71.02 33.53
As3 5.84 x10°
alfal 1.51 x1073

< alfa2 1.16 x102 -alfal x pH2 + alfa2 x pH —alfa3  0.0016 0.0022 0.0020
alfa3 1.16 x 102
K1 253x10°
K K2 1.95x10° -K1 x pH? + K2 x pH - K3 1.31x107 4.97 x107 2.45x 107
K3 3.7x10°5
Uak udk  1.5x107° cte 1.5x10° 15x10° 1.5x10°5
Uas pds 1.5 x107° cte 1.5x10° 15x10°> 1.5x10°
a a 1x107° cte 1x107 1x107 1x107°
w \\Y 3x10° cte 3x10° 3x10° 3x107°

Umaxk: Killer maximum specific growth rate; p,q,s: spoilage yeast maximum specific growth rate;
Ay killer intra/interspecific inhibition parameter; A;: spoilage yeast intra/interspecific inhibition
parameter; «: toxin production parameter; K: spoilage yeast sensitivity to toxin; pgy: killer specific
death rate; py,: spoilage yeast-specific death rate; a: common inhibitor production parameter; W:
Toxin adhesion/consumption parameter.

The highest “pipnqys” occurs at pH 3.2, while the highest “1;,4,” is observed at pH
4.2 and the lowest “l;qy,” at 3.7 (Table 3). Cellular fitness and consequently, nutrient
competition are affected by pH [45]. Also, this may be related to the maintenance costs or
optimal growth of each organism [2]. The parameters “A;” and “A;” measure both in-
traspecific inhibition and interspecific inhibition related to competition and the sensitiv-
ity to a common inhibitor for both the yeasts [2,32] and were higher at pH 3.2. It can be
observed that these parameters are of a higher order in the condition where there is no
toxin interaction, which explains the dominance of this factor related to the logistic model
and competition for a limiting substrate [50]. The production of toxin “” and the sensi-
tivity to the toxin “K” are the lowest at pH 3.2, medium at pH 4.2, and maximum at pH
3.7. The pH affects the efficiency of the toxin [20], and they are effective in a limited range
of environmental conditions [51,52]. Efficiency may depend on its production “«” [32,51],
stability [20,53], adherence “W” [54], and toxicity or sensitivity of the affected cell “K”
[15,54,55]. Some W. anomalus strains have been cited with optimum toxin production at
pH between 4.2 and 4.4 [20,56]. It should be noted that for W. anomalus, several killer
toxins are associated [56,57], and therefore, the estimated parameters could represent the
behavior of multiple toxins simultaneously. Linked to this, at pH 3.7 where higher toxin
efficiency is observed, simultaneously lower specific growth rate of the killer population
is observed. This could be due to the metabolic energy cost of toxin production, leading
to a decrease in cellular fitness [58].

3.5. Correlation and Sensitivity Analysis: The Parametric Analyzes Were Consistent with the
Model’s Behavior

Correlation and sensitivity were calculated using AMIGO2 (Figure 4a). The param-
eters showing correlation are involved in the equations of parametric variation in the
different submodels. Thus, mvkl, mvk2, and mvk3 are the constituents of a single pa-
rameter, “Uyaxk” -

Local sensitivity shows the influence of the parameter on the modeled kinetics of
each experiment (Figure 4b—d). The highest sensitivities were observed in the parameters
linked to “A,” and “A;”, which are related to the deceleration of the logistic curve and are
associated with the common inhibitor. There is also higher sensitivity in the parameters
related to “K”, the toxicity of the toxin concentration, or the sensitivity of the spoilage
yeast to the killer toxin.
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Figure 4. (a) Crammer/Rao matrix correlation from global analysis. Relative parametric sensitivity
by experiment: (b) pH: 3.2, (c) pH: 3.7, and (d) pH: 4.2. Zr: Zygosaccharomyces rouxii, Wa: Wicker-
hamomyces anomalus

In the sensitivity analysis, it is observed that first the intraspecific and then the in-
terspecific parameters are critical in the dynamics of the system, influencing the theoret-
ical predictions of the model used [59]. This could be linked to hypotheses where it is
suggested that niche differences cause species to limit themselves more in intraspecific
competition than they limit competitors in interspecific competition [60].

3.6. Optimization at Constant and Variable pH: The Variable Profile Reduces 99% the Spoilage
Population throughout the Process Compared to the Constant Profile

In line with the main objective of this work, which is to control the spoilage yeast,
the new reduced model with its submodels was used to find the variable profile that
minimizes the spoilage population present in the experiment over the entire reaction
time. Firstly, a static optimization was performed to find an optimal pH value to achieve
the objective. Then, a dynamic optimization strategy was developed to find the best var-
iable pH profile.

3.6.1. Optimization at Constant pH

In this case, the static optimization problem involved finding the best pH value
through the Monte Carlo method that minimizes the following objective function:

J1 = minimize[XX,s (0 tf)]

subject to the equality constraints provided by the mathematical model of the system
[16], considering the initial conditions specified in Table 1 and the final time, 225 h, and
subject to the inequality constraints:

32 <pH <42
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X () >0
X,s (£)>0
T()=0

I(t)=0

After 1000 simulations in the pH range, the simulation results were compared in a
sorted matrix, and the pH that minimizes the total concentration of spoilage yeast was
selected.

Objective function J1: 2.05 x 10" cells/mL x process and the best manipulated varia-
ble pH: 3.99.

3.6.2. Optimization at Variable pH

Using the orthonormal polynomials technique developed by the research group [27],
dynamic optimization was performed to find the best time-dependent pH variation pro-
file that minimizes the objective function:

]2 = minimize[X X, (0 tf)]

subject to the same constraints of the mathematical model [16], the same specified initial
conditions (Table 1), and tf: 225 h, along with the same inequality constraints as static opti-
mization.

Objective function J1: 1.31 x 102 cells/mL x process, and manipulated variable profile:
pH.

The results of the optimization with a constant profile are shown in Figure 5, while
those of the optimization with a variable profile are shown in Figure 6. The variable op-
timization was more efficient in eliminating the spoilage population in a reduced time
period. Moreover, the reduction in population, comparing the variable with constant op-
timization throughout the entire process time, was 2.05 x 10 cells/mL x process, 99% less
spoilage yeast population over the process. Furthermore, the final population was re-
duced from 4.43 x 107 cells/mL in the constant profile optimization versus 1.54 x 103
cells/mL in the variable profile optimization, also 99% less spoilage population at the end
of the process. This difference suggests that selecting the best constant pH may not be the
optimal option and implies that a variable pH control strategy could be more attractive
for pre-fermentation, as it enhances biocontrol while also reducing the time required for
the process [29], enabling earlier inoculation with Saccharomyces cerevisiae (fermenting
population) and reducing the risks of proliferation of unwanted yeasts species [61].
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Figure 5. (a) Kinetic simulation of spoilage population. (b) pH profile.
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Figure 6. (a) Kinetic simulation of spoilage population. (b) pH optimal profile.

The variable profile (Figure 6b) starts at a high pH (4.2) and is maintained for a pe-
riod of 48 h, which would be relevant in musts from the region with high pH (pH > 3.8)
[21,62]. Biologically, this may be related to the prediction of the model to improve the
fitness of the biocontroller yeasts initially, which would consequently prevail in the me-
dium [45], also in terms of toxin production as a primary metabolite. Then, the pH begins
to decrease gradually, probably to a pH where the multiplication of the biocontroller
population is lower but the efficiency of the toxin increases in terms of the toxicity or
sensitivity of the spoilage yeasts, thus controlling the spoilage population more effec-
tively [20,56]. Subsequently, the pH profile should increase again, possibly to maintain
the competitive advantage of the biocontroller. This could be related to the low concen-
tration of sensitive cells present in the medium and the difficulty of controlling those,
caused by spatial distancing [16].

No studies were found on biocontrol implementing pH control strategies with a
variable pH profile. On the other hand, other studies on dynamic optimization in liquid
fermentation with stepped temperature profiles were found to enable better process
yields [63,64]. However, stepped profiles are difficult to implement in real conditions
because instantaneous increases and decreases are physically impossible to achieve in
reality. In contrast, smooth and continuous profiles are more suitable for reproduction in
a real system. Additionally, abrupt changes in physicochemical parameters (such as
temperature or pH, among others) can negatively affect microbial systems, causing cel-
lular stress [27,29].

Although the study focuses on a particular strain combination, the findings may
well be relevant to other cases, and especially the methodology may be applicable to
other cases. The dynamic optimization of variable profiles can be applied to other
winemaking cases where mixed cultures and microbial interactions occur. One case
could be biocontrol with other mechanisms, such as competition between Metschnikowia
pulcherrima and Z. rouxii [18], as well as in the sequential mixed inoculation of
non-Saccharomyces yeasts with S. cerevisiae for different purposes, such as improving or-
ganoleptic profile [24] and reducing ethanol concentration [65], among others, where
static optimization was performed.

Finally, using a variable profile involves only modifying the controller, while the
control action actuators (higher equipment cost) remain constant. This means that the
process can be significantly more efficient simply by changing the controller and utilizing
optimization with a variable profile. On the other hand, managing the biocontrol process
through the use of the manipulable variable pH instead of temperature, for example,
could result in lower energy use, influencing production costs.
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4. Conclusions

The main objective of this study was to explore the role of pH in the dynamics of
pre-fermentative biocontrol through an ecological modeling approach. The variation in
parameters with pH was incorporated, and it accurately predicted the population levels
of biocontroller/spoilage yeast antagonism under different conditions of must/wine. The
model explained parameters that are not quantifiable online. The model analysis re-
vealed that Wickerhamomyces anomalus decreases the population levels of Zygosaccharo-
myces rouxii to low values at pH levels above 3.7 in co-inoculation. It is inferred from the
results that pH influences nutrient consumption patterns, tolerance to different envi-
ronmental stressors, varying intra- and interspecific competition, and modifying the
niche over time by changing pH.

One of the main implications of this research is that sequential inoculation is the
most promising alternative for new fermentations aimed at reducing the use of SO..
Further research is needed to formulate suitable mechanistic models for optimal design
based on the models of new mixed pre-fermentations. On the other hand, this allowed us
to establish the mathematical foundations for implementing the dynamic pH optimiza-
tion strategy.

The variable pH profile optimized was smooth, continuous, and differentiable,
which is highly suitable for bioprocesses. It reduced the total spoilage population and the
time it takes to do so. Moreover, its practical implementation is feasible because it avoids
abrupt changes in pH during the bioprocess. Also, at a technological level, it is highly
relevant since it only involves changing the controller profile without additional costs.
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